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Abstract  
The automatic recognition of design scheme style is a key technology of intelligent design assistance 
system. Existing methods rely on handcrafted features, and the generalization ability of classifiers is 
insufficient. This paper proposes a style classification method combining multi-modal feature extraction 
and improved ensemble classification architecture. At the feature level, a three-modal feature space of 
structural contour (enhanced histogram of oriented gradients), local texture (encoded by the LBP 
mutation operator) and global topology (graph convolution embedding) is constructed, and the 
dimension of the fused feature is compressed to 28% of the original space by a joint PCA‑kernelized 
dimensionality reduction method, while preserving the nonlinear discriminant structure. At the 
classification level, a weighted extreme learning machine with adaptive margin adjustment is designed, 
a multi-branch parallel input and a decision-level weighted voting architecture are introduced, and the 
loss function is reconstructed by adding a style margin maximization regularization term. 5‑fold 
stratified cross‑validation is conducted on a dataset containing 5200 samples (8 style types). The 
experimental results show that the macro F1-score of our method is 88.7%, and the accuracy is 91.5%. 
Compared with the standard extreme learning machine, the accuracy is improved by 5.3 percentage 
points, and the generalization error is reduced from 5.8% to 1.2%. Even under strong noise at 5 dB, the 
accuracy reaches 74.6%, which is 13.8 percentage points higher than the baseline model. The proposed 
method takes into account both accuracy and robustness, and provides a feasible technical path for 
efficient recognition of design scheme style. 

Keywords 
Design scheme style classification; Multimodal feature extraction; Weighted extreme learning machine; 
Graph convolutional network; Margin maximization regularization 

 

1. INTRODUCTION 
Automatic recognition and classification of design scheme style has important engineering 

application value in computer-aided design, design resource retrieval and intelligent design assistant 
system [1]. However, as a kind of high‑level visual and structural semantic attribute, design style is 
essentially a complex pattern determined by contour direction, local texture regularity, and global 
topological relationships among elements. Most existing methods for design scheme style feature 
extraction rely on handcrafted low‑level visual features, such as edge histograms, shape contexts, or 
local binary patterns [2],[3],[4]. Although these methods can achieve certain results on specific datasets, 
there are two fundamental limitations. First, the design process of handcrafted features heavily depends 
on researchers’ prior knowledge and trial‑and‑error, and it is difficult to fully describe the concept of 
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style, which is subjective and semantically abstract [5]. Second, the fixed-form feature extraction 
operator cannot adaptively capture the subtle style differences between different design solutions, which 
leads to the lack of generalization ability of the classification system in the face of sample diversity 
[6],[7]. In addition, existing studies often treat feature extraction and classifier training as two 
independent stages, lacking a systematic consideration of the coupling between them, which further 
limits the overall performance [8]. 

To solve the above problems, this paper proposes an automatic classification method for design 
scheme style by combining multi-scale feature extraction and improved ensemble classification 
architecture. The main innovations are reflected in the following three aspects. First, at the feature 
extraction level, the approach of relying on a single modal feature is changed, and a multi-modal feature 
space with structural contour, local texture and global topology is constructed. Specifically, the 
discriminative information of the enhanced contour edge is extracted by enhancing the histogram of 
oriented gradient, the LBP‑mutation operator is designed to capture periodic repetitive texture patterns 
in the style, and the graph convolutional network is introduced to embed the global topological 
relationship of the design elements. Finally, the PCA‑kernelized joint dimensionality reduction strategy 
achieves efficient feature fusion while preserving the nonlinear discriminative structure. Secondly, at 
the level of classification algorithm, aiming at the problems of low processing efficiency, sensitive 
boundary samples and insufficient class interval of the baseline model on multi-modal fusion features, 
this paper proposes a weighted extreme learning machine with adaptive margin adjustment as the core 
classifier, and designs an architectural innovation of multi-branch feature parallel input and decision 
layer weighted voting. At the same time, the reconstruction loss function introduces a regularization 
term based on maximizing the style margin, so that the model can actively open the discrimination 
boundary between different style categories during the training process. Thirdly, at the level of 
validation strategy, a joint dataset containing synthetic style samples and real design scheme library is 
constructed, and hierarchical k-fold cross validation and early stopping mechanism are used to ensure 
the scientificity of training. The McNemar test and paired t-test were used to verify the statistical 
significance of the model performance by multi-dimensional indicators such as confusion matrix, F1-
score, recall and specificity. 

The organization of this paper is as follows: Section 2 describes the multi-modal extraction method 
of design scheme style features in detail, including HOG feature enhancement, LBP-mutation operator 
coding, GCN topological embedding, and the specific implementation of joint dimensionality reduction 
strategy. Section 3 introduces the improved machine learning algorithm for style classification. Starting 
from the analysis of the limitations of the baseline model, it sequentially discusses the weighted extreme 
learning machine with adaptive margin adjustment, the multi-branch parallel input and weighted voting 
architecture, and the margin maximization loss function reconstruction. Section 4, Training and 
Validation Strategies, covers dataset construction, training strategy design, metric definition, and 
statistical significance testing methods. Section 5 presents the performance comparison of different 
feature combinations, the comprehensive comparison between the improved algorithm and the baseline 
model, the ablation experiment and the robustness test results through sufficient experimental data, and 
analyzes the results in detail. Section 6 summarizes the research contributions of this paper and points 
out the future work in the direction of adaptive feature extraction and lightweight deployment. 

2. MULTI-MODAL EXTRACTION METHOD OF DESIGN SCHEME 
STYLE FEATURES 
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In order to fully describe the style information contained in the design scheme, this paper constructs 
a multi-modal feature space from three dimensions: structural contour, local texture and global 
topological relationship [9],[10]. Each type of feature reflects the intrinsic attributes of style from 
different physical semantic levels, and provides heterogeneous but complementary feature inputs for 
subsequent classification algorithms. 

First, for the structural contour in the design image or line drawing, the enhanced form of histogram 
of oriented gradients is used for feature extraction [11]. The traditional HOG feature describes the shape 
of the object by calculating the magnitude and direction of the pixel gradient in the local region, and 
statistics the direction histogram [12],[13]. In order to improve the sensitivity to the direction and 
sharpness of the edge in the style contour, this paper introduces the adaptive gradient magnitude 
weighting mechanism, and defines the gradient magnitude 𝑚𝑚(𝑥𝑥, 𝑦𝑦) and gradient direction 𝜃𝜃(𝑥𝑥,𝑦𝑦) of 
the pixel (𝑥𝑥,𝑦𝑦) in the image as follows: 

𝑚𝑚(𝑥𝑥,𝑦𝑦) = �𝐺𝐺𝑥𝑥(𝑥𝑥, 𝑦𝑦)2 + 𝐺𝐺𝑦𝑦(𝑥𝑥,𝑦𝑦)2 (1) 

𝜃𝜃(𝑥𝑥,𝑦𝑦) = arctan �
𝐺𝐺𝑦𝑦(𝑥𝑥, 𝑦𝑦)
𝐺𝐺𝑥𝑥(𝑥𝑥,𝑦𝑦)�

(2) 

Where 𝐺𝐺𝑥𝑥 and 𝐺𝐺𝑦𝑦 represent the horizontal and vertical gradient responses of the image, which 
are calculated by Sobel operator. In the traditional HOG, the contribution weight of each pixel to the 
histogram is unified as 1, while the enhancement extraction method proposed in this paper defines the 
weighting coefficient as 𝑤𝑤(𝑥𝑥,𝑦𝑦) = 𝑚𝑚(𝑥𝑥,𝑦𝑦)𝛼𝛼 , where 𝛼𝛼 ∈ (0.5,1.5)  is an adjustable enhancement 
factor. As a result, the cumulative value of the b‑th directional histogram bin is 𝐻𝐻𝑏𝑏 =
� 𝑤𝑤(𝑥𝑥,𝑦𝑦) ⋅ 1[𝜃𝜃(𝑥𝑥,𝑦𝑦) ∈(𝑥𝑥,𝑦𝑦)∈cell bin𝑏𝑏] , where 1[⋅]  is the indicator function. This enhancement 

strategy makes high-contrast contour edges occupy a higher proportion in the histogram, so as to 
improve the distinguibility of sharp or rounded directions in the style. 

Secondly, in view of the local texture and repeated decoration patterns in the design scheme, we 
design an LBP-mutation operator coding method. The standard local binary pattern (LBP) can 
effectively capture the microscopic texture structure by comparing the gray scale of the central pixel 
and the neighboring pixels to generate a binary code [14],[15],[16]. However, regular repetitive textures 
(e.g., grid, ripple, array decoration) often exist in style images, and the ability of standard LBP to 
distinguish such periodic patterns is limited. Therefore, this paper proposes a mutation operator, which 
adds a periodic consistency check term to the LBP coding [17],[18]. For a neighborhood of radius 𝑅𝑅 
centered at pixel 𝑥𝑥𝑐𝑐 with 𝑃𝑃 sampling points, the standard LBP encoding is as follows. 

LBP𝑃𝑃,𝑅𝑅(𝑥𝑥𝑐𝑐) = �𝑠𝑠(
𝑃𝑃−1

𝑝𝑝=0

𝑔𝑔𝑝𝑝 − 𝑔𝑔𝑐𝑐) ⋅ 2𝑝𝑝 (3) 

Where 𝑔𝑔𝑐𝑐  is the gray value of the center pixel, 𝑔𝑔𝑝𝑝  is the gray value of the pixel in the 𝑝𝑝 th 
neighborhood, and the function 𝑠𝑠(𝑡𝑡) = 1  if 𝑡𝑡 ≥ 0  and 0  otherwise. On this basis, the mutation 
coding LBP∗ is defined as follows. 

LBP𝑃𝑃,𝑅𝑅
∗ (𝑥𝑥𝑐𝑐) = LBP𝑃𝑃,𝑅𝑅(𝑥𝑥𝑐𝑐) ⊕��  

𝑘𝑘=1

𝐾𝐾

LBP𝑃𝑃,𝑅𝑅(𝑥𝑥𝑐𝑐 + 𝑘𝑘 ⋅ v)� (4) 
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Where ⊕ represents the bitwise XOR operation, v is the cycle offset vector obtained from the 
estimation of the texture principal direction, and 𝐾𝐾 is the number of cycles involved in the consistency 
comparison. By comparing the difference of LBP coding between the central position and its periodic 
repetition position, the mutation operator reflects whether the texture presents a stable repetition pattern, 
so as to effectively encode the rhythmic texture features in the style [19]. 

Thirdly, in order to capture the global topological relationship between elements in the design 
scheme, the embedding representation method using a graph convolutional network is introduced [20]. 
The basic elements (such as line endpoints, region blocks, decorative units) in the design scheme are 
regarded as nodes 𝑉𝑉, and the adjacency, inclusion, or alignment relationships between elements are 
regarded as edges 𝐸𝐸, and the graph structure 𝒢𝒢 = (𝑉𝑉,𝐸𝐸) is constructed. The node feature matrix is 
denoted as 𝑋𝑋 ∈ ℝ∣𝑉𝑉∣×𝑑𝑑 , where 𝑑𝑑  is the initial feature dimension of each node (e.g., position 
coordinates, size, orientation). The adjacency matrix 𝐴𝐴 ∈ ℝ∣𝑉𝑉∣×∣𝑉𝑉∣, whose element 𝐴𝐴𝑖𝑖𝑖𝑖 = 1 indicates 
the existence of a relationship between node 𝑖𝑖 and node 𝑗𝑗, and 0 otherwise. In this paper, a two-layer 
graph convolutional network is used for embedding representation, and the propagation rule of the 
convolutional layer is defined as follows [21],[22]. 

𝐻𝐻�𝑙𝑙+1� = 𝜎𝜎 �𝐷𝐷�−
1
2𝐴̃𝐴𝐷𝐷�−

1
2𝐻𝐻(𝑙𝑙)𝑊𝑊(𝑙𝑙)� (5) 

Where 𝐴̃𝐴 = 𝐴𝐴 + 𝐼𝐼  is the adjacency matrix with added self-connection, and 𝐼𝐼  is the identity 

matrix; 𝐷𝐷�𝑖𝑖𝑖𝑖 = � 𝐴̃𝐴𝑖𝑖𝑖𝑖
𝑗𝑗

 is the degree matrix; 𝐻𝐻(𝑙𝑙) is the node characteristic matrix of the 𝑙𝑙th layer, 

𝐻𝐻(0) = 𝑋𝑋; 𝑊𝑊(𝑙𝑙) is the trainable weight matrix of the 𝑙𝑙th layer; 𝜎𝜎(⋅) is the ReLU activation function. 
Finally, global average pooling of all node features after two GCN layers is performed to obtain the 
global topological feature vector 𝑓𝑓topo ∈ ℝ𝑑𝑑out, which encodes the layout structure and organization 
logic of elements in the whole design scheme and reflects the differences of styles at the macro layout 
level. 

Finally, in order to effectively fuse the above three types of features (enhanced HOG, LBP-
mutation coding, GCN topological embedding) and control the feature dimension, we propose a PCA-
kernelized joint dimensionality reduction strategy. Let the concatenated original multimodal feature 
vector is 𝑓𝑓raw = [𝑓𝑓HOG; 𝑓𝑓LBP; 𝑓𝑓topo] ∈ ℝ𝐷𝐷 , where 𝐷𝐷  is the sum of the three dimensions. Direct 
concatenation will lead to dimension explosion and redundant information. In this paper, firstly, 
principal component analysis is used to linearly reduce the dimension, and 𝑓𝑓raw is projected onto the 
directions of the first 𝑘𝑘 principal components [23],[24]. 𝑓𝑓PCA = 𝑈𝑈𝑘𝑘𝑇𝑇𝑓𝑓raw, where 𝑈𝑈𝑘𝑘 is the eigenvector 
matrix corresponding to the first 𝑘𝑘 largest eigenvalues of the covariance matrix. However, part of the 
discriminative information in style features lies on nonlinear manifolds, and linear PCA may lose such 
structure [25],[26],[27]. To this end, the kernel mapping is further introduced, and 𝑓𝑓PCA is mapped to 
high-dimensional space by radial basis kernel function: 

𝜙𝜙(𝑓𝑓PCA) = exp � −
∥ 𝑓𝑓PCA − c𝑗𝑗 ∥2

2𝛾𝛾2 � (6) 

Where c𝑗𝑗  is the core center and 𝛾𝛾  is the kernel width parameter. After the final fusion 

characteristic vector for 𝑓𝑓fused = 𝜙𝜙(𝑓𝑓PCA) ∈ ℝ𝑘𝑘′, including 𝑘𝑘′ ≪ 𝐷𝐷. The joint strategy firstly linearly 
decorrelates dimensionality reduction, and then nonlinear mapping enhances feature separability, which 
retains the nonlinear discriminant structure in style features without significantly increasing the 
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computational burden. The above three types of features describe the design scheme style from three 
levels of local contour, micro texture and global topology, respectively, and construct a feature basis 
with complete information and controllable redundancy for subsequent classification algorithms. 

3. IMPROVED MACHINE LEARNING ALGORITHM FOR STYLE 
CLASSIFICATION 

Based on the completion of multi-modal style feature extraction, this section constructs an efficient 
machine learning algorithm for style classification. Firstly, two typical baseline models are selected and 
their limitations in the style classification task are analyzed, and then systematic improvement schemes 
are proposed from three levels of algorithm improvement, architecture innovation and loss function 
reconstruction. 

In this paper, support vector machine and random forest are selected as the baseline model. Support 
vector machine classifies by finding the hyperplane that maximizes the class margin, and its decision 
function is 𝑓𝑓(𝑥𝑥) = sign(∑ 𝛼𝛼𝑖𝑖𝑛𝑛

𝑖𝑖=1 𝑦𝑦𝑖𝑖𝐾𝐾(𝑥𝑥𝑖𝑖 , 𝑥𝑥) + 𝑏𝑏) , where 𝑥𝑥𝑖𝑖  is the feature vector of the 𝑖𝑖 th training 
sample, and 𝑦𝑦𝑖𝑖 ∈ {−1, +1}  is the class label. 𝛼𝛼𝑖𝑖  is the Lagrange multiplier, 𝐾𝐾(⋅,⋅)  is the kernel 
function, and 𝑏𝑏 is the bias term. However, SVM has limitations in dealing with multi-modal fusion 
features: the scale difference of different modal features leads to the distortion of similarity measure in 
kernel function calculation, and when the training sample size is large, the computational complexity 
of the quadratic programming solution is about 𝑂𝑂(𝑛𝑛3), which is difficult to meet the requirements of 
EI conference on engineering efficiency [28],[29],[30]. Random forest integrates multiple decision trees 
for voting classification. The prediction result of the 𝑡𝑡th tree is ℎ𝑡𝑡(𝑥𝑥), and the final output 𝐻𝐻(𝑥𝑥) =
majority{ℎ1(𝑥𝑥), ℎ2(𝑥𝑥), … , ℎ𝑇𝑇(𝑥𝑥)} . Random forest has good robustness to high-dimensional sparse 
features, but there are a lot of nonlinear correlation structures in style features. The random subspace 
strategy of random forest is easy to lose feature combinations with low variance but high discrimination, 
and its output is discrete voting, which lacks a fine description of classification confidence. 

In view of the above limitations, this paper proposes a weighted extreme learning machine with 
adaptive margin adjustment as the core classifier. Extreme learning machine is a kind of single hidden 
layer feedforward neural network. The weights 𝑊𝑊in ∈ ℝ𝐿𝐿×𝑑𝑑  and hidden layer bias 𝑏𝑏in ∈ ℝ𝐿𝐿  are 
randomly initialized and fixed, and only the weights 𝛽𝛽 ∈ ℝ𝐿𝐿×𝐶𝐶 from hidden layer to output layer are 
calculated, where 𝐿𝐿 is the number of hidden layer neurons and 𝑑𝑑 is the input feature dimension. 𝐶𝐶 
is the number of style categories. The hidden layer output matrix 𝐻𝐻 is defined as follows. 

𝐻𝐻 = 𝑔𝑔�𝑋𝑋𝑊𝑊in
𝑇𝑇 + 1𝑛𝑛𝑏𝑏in

𝑇𝑇� (7) 

Where 𝑋𝑋 ∈ ℝ𝑛𝑛×𝑑𝑑  is the training sample matrix, 𝑛𝑛  is the number of samples, 𝑔𝑔(⋅)  is the 
activation function (Sigmoid function is used in this paper), and 1𝑛𝑛 ∈ ℝ𝑛𝑛  is the all-one vector. 
Standard ELM solves 𝛽𝛽 = 𝐻𝐻†𝑌𝑌  by minimizing ∥ 𝐻𝐻𝐻𝐻 − 𝑌𝑌 ∥𝐹𝐹2  , where 𝐻𝐻†  is the Moore-Penrose 
generalized inverse of 𝐻𝐻 and 𝑌𝑌 ∈ ℝ𝑛𝑛×𝐶𝐶 is the one-hot encoded label matrix. However, standard ELM 
treats the errors of all samples equally, ignoring the imbalance between style categories and the 
importance of boundary samples. To this end, this paper introduces an adaptive margin adjustment 
mechanism to assign a dynamic weight to each sample. Definition of sample 𝑥𝑥𝑖𝑖 marginal gamma _𝛾𝛾𝑖𝑖 =
(𝐻𝐻𝐻𝐻)𝑖𝑖 − max𝑐𝑐≠𝑦𝑦𝑖𝑖(𝐻𝐻𝐻𝐻)𝑖𝑖,𝑐𝑐, namely the right of the output value and maximum error of the output value 
category. The adaptive weights 𝑤𝑤𝑖𝑖 are designed as follows. 
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𝑤𝑤𝑖𝑖 =
1

1 + exp(−𝜏𝜏 ⋅ 𝛾𝛾𝑖𝑖)
(8) 

Where 𝜏𝜏 > 0 is a temperature parameter that controls the sensitivity of the weights to the margin. 
Samples with smaller margins (near the classification boundary) receive larger 𝑤𝑤𝑖𝑖, and reliable samples 
with larger margins tend to have a weight of 0.5. The weighted optimization objective becomes: 

min
𝛽𝛽

∥ 𝑊𝑊
1
2(𝐻𝐻𝐻𝐻 − 𝑌𝑌) ∥𝐹𝐹2 (9) 

Where 𝑊𝑊 = diag(𝑤𝑤1,𝑤𝑤2, … ,𝑤𝑤𝑛𝑛)  is the diagonal weight matrix. The optimal solution of this 
problem is 𝛽𝛽∗ = (𝐻𝐻𝑇𝑇𝑊𝑊𝑊𝑊)−1𝐻𝐻𝑇𝑇𝑊𝑊𝑊𝑊. The adaptive margin adjustment makes the classifier pay more 
attention to difficult to distinguish style samples, while reducing the risk of overfitting on simple 
samples. 

At the architecture level, we propose a multi-branch feature parallel input and a decision layer 
weighted voting mechanism [31]. Since the three types of features extracted in sections 2.1 to 2.3 
(enhanced HOG, LBP-mutation coding, and GCN topological embedding) have different statistical 
characteristics and discriminant emphasis, simple feature splicing may lead to mutual interference of 
information from each branch. To this end, we design three independent weighted ELM branches, and 
each branch takes a class of features as input. Let the output of the JTH branch (𝑗𝑗 = 1,2,3 ) be a 
probability vector 𝑝𝑝(𝑗𝑗)(𝑥𝑥) ∈ ℝ𝐶𝐶 , whose 𝑐𝑐th dimension represents the predicted probability that the 
sample belongs to the style category 𝑐𝑐. The core of the multi-branch parallel architecture is the adaptive 
weighted fusion of the decision layer, rather than the simple average. The weight 𝜆𝜆𝑗𝑗 of each branch is 
calculated dynamically based on its classification performance on the validation set: 

𝜆𝜆𝑗𝑗 =
exp(𝜂𝜂 ⋅ ACC𝑗𝑗)

� exp(𝜂𝜂 ⋅3
𝑘𝑘=1 ACC𝑘𝑘)

(10) 

Where ACC𝑗𝑗  is the classification accuracy of the 𝑗𝑗 th branch on the validation set, 𝜂𝜂  is the 
smoothing coefficient (𝜂𝜂 = 2 in this paper), and the softmax form is used to ensure that the weight sum 
is 1. The predicted probability after final fusion is as follows. 

𝑝𝑝final(𝑥𝑥) = �𝜆𝜆𝑗𝑗

3

𝑗𝑗=1

⋅ 𝑝𝑝(𝑗𝑗)(𝑥𝑥) (11) 

The final decision-making style category to 𝑦𝑦�(𝑥𝑥) = arg max𝑐𝑐[𝑝𝑝final(𝑥𝑥)]𝑐𝑐. The innovation of the 
architecture makes the features of different modalities learn in their own optimal ELM parameter space, 
and the weighted voting mechanism of the decision layer retains the complementarity of each branch, 
avoiding the curse of dimensionality and the interference between modalities caused by feature splicing. 

Finally, in order to further improve the ability of classification boundary to distinguish between 
different style categories, this paper reconstructs the loss function of weighted ELM, and introduces a 
regularization term based on maximizing the style margin. The traditional weighted ELM loss function 
only contains the weighted squared error term, which lacks a direct constraint on the margin between 
classes [32]. Based on the original optimization objective, this paper adds a margin maximization 
regularization term, and defines a new loss function as follows: 

ℒ(𝛽𝛽) =∥ 𝑊𝑊
1
2(𝐻𝐻𝐻𝐻 − 𝑌𝑌) ∥𝐹𝐹2+ 𝜆𝜆1 ∥ 𝛽𝛽 ∥𝐹𝐹2− 𝜆𝜆2 ⋅ ℳmargin (12) 
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Where 𝜆𝜆1 > 0 is the weight decay regularization coefficient, 𝜆𝜆2 > 0 is the margin regularization 
coefficient, and ℳmargin represents the style margin metric. In this paper, the style margin is defined 
as the average gap between the correct class output and the suboptimal class output for all samples: 

ℳmargin =
1
𝑛𝑛
��(𝐻𝐻𝐻𝐻)𝑖𝑖,𝑦𝑦𝑖𝑖 − max

𝑐𝑐≠𝑦𝑦𝑖𝑖
(𝐻𝐻𝐻𝐻)𝑖𝑖,𝑐𝑐�

𝑛𝑛

𝑖𝑖=1

(13) 

Maximizing the ℳmargin means forcing the classifier to produce output responses on the correct 
class that are significantly higher than the other classes, thus pulling the decision boundary between 
different style classes in the feature space. The maximization problem is transformed into minimizing 
the negative margin to obtain the final optimizable loss function: 

ℒ(𝛽𝛽) =∥ 𝑊𝑊
1
2(𝐻𝐻𝐻𝐻 − 𝑌𝑌) ∥𝐹𝐹2+ 𝜆𝜆1 ∥ 𝛽𝛽 ∥𝐹𝐹2− 𝜆𝜆2 ⋅

1
𝑛𝑛
��(𝐻𝐻𝐻𝐻)𝑖𝑖,𝑦𝑦𝑖𝑖 − max

𝑐𝑐≠𝑦𝑦𝑖𝑖
(𝐻𝐻𝐻𝐻)𝑖𝑖,𝑐𝑐�

𝑛𝑛

𝑖𝑖=1

(14) 

Since this loss function is convex with respect to 𝛽𝛽 (convex for the square term and linear for the 
negative margin term), it can be solved by gradient descent or analytical iteration. In this paper, the 
L‑BFGS quasi‑Newton method is used for optimization to obtain a precise solution while ensuring 
convergence [33]. This loss function reconstruction unifies the weighted fitting error, weight decay and 
style margin maximization under the same framework, so that the classifier not only minimizes the 
training error, but also actively separates the discrimination distance between categories, which 
significantly improves the ability to distinguish similar styles (such as Baroque and Rococo, modernism 
and minimalism). So far, this section has formed a complete improved machine learning algorithm 
system for style classification from baseline analysis, algorithm improvement, architecture innovation 
to loss reconstruction. 

4. MODEL TRAINING AND VALIDATION STRATEGIES 
To ensure the effectiveness and generalization ability of the proposed feature extraction method 

and the improved classification algorithm, this section systematically elaborates on the experimental 
data set construction scheme, training strategy, multi-dimensional testing method, and statistical 
significance testing process, forming a complete model evaluation system. 

The experimental data set consists of two parts: synthetic style samples and a real design scheme 
library. The synthetic style samples are designed to cover a wide range of style variations to enhance 
the model's robustness to style perturbations. Based on basic design elements (lines, geometric shapes, 
fill textures), this paper constructs synthetic samples through a parametric generation method. Each 
sample is controlled by a style label 𝑠𝑠 ∈ {1,2, … , 𝑆𝑆} and a parameter vector 𝜃𝜃 ∈ ℝ𝑝𝑝, where 𝑆𝑆 = 8 
represents eight typical design styles (such as Gothic, Baroque, Modernism, Art Deco, etc.), and 𝑝𝑝 is 
the dimension of the generation parameters. For each style, 500 synthetic samples 𝑁𝑁syn = 500  are 
generated through random sampling of the parameter vector. The real design scheme library is collected 
from public design competition databases and professional design literature image sets, totaling 𝑁𝑁real =
1200 samples. Each sample is independently labeled by three design experts, and the consistency of 
the labels is tested using the Fleiss' Kappa coefficient. Samples with consistent labels are retained. After 
combining the two types of data, a total data set 𝒟𝒟 = {(𝑥𝑥𝑖𝑖 ,𝑦𝑦𝑖𝑖)}𝑖𝑖=1𝑁𝑁  is formed, where 𝑁𝑁 = 𝑁𝑁syn × 𝑆𝑆 +
𝑁𝑁real = 5200, 𝑥𝑥𝑖𝑖 is the multimodal feature vector of the 𝑖𝑖-th sample, and 𝑦𝑦𝑖𝑖 ∈ {1, … , 𝑆𝑆} is its true 
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style label. To eliminate the bias caused by the difference in distribution between synthetic samples and 
real samples, this paper performs five-fold oversampling on the real samples (through random rotation, 
scale transformation, and brightness perturbation), making the number of synthetic and real samples 
approximately balanced. 

The training strategy adopts the combination of hierarchical k-fold cross validation and early stop 
mechanism. Hierarchical K-fold cross validation can keep the proportion of each compromise category 
sample consistent with the original data set, and avoid the deviation of category distribution caused by 
random division. Let the total data set 𝒟𝒟  be randomly divided into 𝑘𝑘  mutually exclusive subsets 

𝒟𝒟1,𝒟𝒟2, … ,𝒟𝒟𝑘𝑘, each subset accounted for the first class 𝑐𝑐 samples meet 
∣𝒟𝒟𝑗𝑗,𝑐𝑐∣
∣𝒟𝒟𝑗𝑗∣

≈ ∣𝒟𝒟𝑐𝑐∣
∣𝒟𝒟∣

, including ∣ 𝒟𝒟𝑗𝑗,𝑐𝑐 ∣ 

for the 𝑗𝑗 compromise the 𝑐𝑐 sample, ∣ 𝒟𝒟𝑐𝑐 ∣ as a first class 𝑐𝑐 sample total data set. In this paper, 𝑘𝑘 =
5 is taken, and 𝑘𝑘 − 1 = 40% is used as the training set for each round of training, and the remaining 
10% is used as the validation set. After 𝑘𝑘 repetitions, the average performance is taken as the final 
evaluation index. The early stopping mechanism is used to prevent the model from overfitting during 
training. Define the value of loss function ℒval

(𝑡𝑡) on the validation set in the 𝑡𝑡th training round (epoch). 

If ℒval
(𝑡𝑡) does not decrease in consecutive 𝑝𝑝patience = 10 rounds, that is: 

min
𝑡𝑡′∈[𝑡𝑡−𝑝𝑝patience+1,𝑡𝑡]

ℒval
�𝑡𝑡′� ≥ ℒval

�𝑡𝑡−𝑝𝑝patience� (15) 

Then the training is terminated and the model parameters corresponding to the epoch with the 
minimum validation loss are restored. The early stopping mechanism not only saves computing 
resources, but more importantly, prevents the hidden layer node number 𝐿𝐿 in the weighted ELM from 
being too large, which leads to excessive memory of training samples. 

The evaluation method uses a confusion matrix, F1-score, recall rate, and specificity to 
comprehensively assess the classification performance. The element 𝑀𝑀𝑎𝑎𝑎𝑎  of the confusion matrix 
M ∈ ℝ𝑆𝑆×𝑆𝑆 represents the number of samples whose true style category is 𝑎𝑎 but are predicted by the 
model as category 𝑏𝑏. Based on the confusion matrix, various performance indicators for each category 
and the macro average can be calculated. The recall rate (also known as the true positive rate) measures 
the model's ability to detect samples of a certain style category. For the 𝑐𝑐-th category, it is defined as: 

Recall𝑐𝑐 =
𝑇𝑇𝑃𝑃𝑐𝑐

𝑇𝑇𝑃𝑃𝑐𝑐 + 𝐹𝐹𝑁𝑁𝑐𝑐
(16) 

Among them, 𝑇𝑇𝑃𝑃𝑐𝑐 = 𝑀𝑀𝑐𝑐𝑐𝑐 represents the number of samples correctly predicted as the 𝑐𝑐-th class, 
and 𝐹𝐹𝑁𝑁𝑐𝑐 = ∑ 𝑀𝑀𝑐𝑐𝑐𝑐𝑏𝑏≠𝑐𝑐   represents the number of samples belonging to the 𝑐𝑐 -th class but wrongly 
classified as other classes. Specificity measures the model's ability to correctly reject non- 𝑐𝑐-th class 
samples, and is defined as: 

Specificity𝑐𝑐 =
𝑇𝑇𝑁𝑁𝑐𝑐

𝑇𝑇𝑁𝑁𝑐𝑐 + 𝐹𝐹𝑃𝑃𝑐𝑐
(17) 

Here, 𝑇𝑇𝑁𝑁𝑐𝑐 = ∑ ∑ 𝑀𝑀𝑎𝑎𝑎𝑎𝑏𝑏≠𝑐𝑐𝑎𝑎≠𝑐𝑐  represents the number of samples that do not belong to the 𝑐𝑐 class 
and are not predicted as the 𝑐𝑐 class. 𝐹𝐹𝑃𝑃𝑐𝑐 = ∑ 𝑀𝑀𝑎𝑎𝑎𝑎𝑎𝑎≠𝑐𝑐  represents the number of samples that do not 
belong to the 𝑐𝑐 class but are predicted as the 𝑐𝑐 class. The F1-score combines the recall rate and the 
precision rate (Precision), where the precision rate 𝑃𝑃𝑐𝑐 = 𝑇𝑇𝑃𝑃𝑐𝑐

𝑇𝑇𝑃𝑃𝑐𝑐+𝐹𝐹𝑃𝑃𝑐𝑐
, and the F1-score is defined as the 

harmonic mean of the two: 
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𝐹𝐹1𝑐𝑐 = 2 ⋅
𝑃𝑃𝑐𝑐 ⋅ Recall𝑐𝑐
𝑃𝑃𝑐𝑐 + Recall𝑐𝑐

(18) 

This paper reports the macro average F1-score (Macro F1), which is the arithmetic mean taken 
over all categories: Macro F1 = 1

𝑆𝑆
∑ 𝐹𝐹𝑆𝑆
𝑐𝑐=1 1𝑐𝑐. This metric is relatively robust to the problem of class 

imbalance and can objectively reflect the comprehensive performance of the model across various styles. 

Statistical significance testing is used to determine whether the performance difference between 
the proposed improved model and the baseline model is statistically significant, rather than being caused 
by accidental factors. This paper employs two complementary testing methods: McNemar test and 
paired t-test. The McNemar test is suitable for comparing the prediction differences between two 
classifiers on the same test set, and is particularly suitable for paired comparisons when extending from 
binary classification to multi-class classification. For any two models 𝐴𝐴  and 𝐵𝐵 , define 𝑛𝑛10  as the 
number of samples where model 𝐴𝐴 is correct but model 𝐵𝐵 is incorrect, and 𝑛𝑛01 as the number of 
samples where model 𝐴𝐴 is incorrect but model 𝐵𝐵 is correct. The McNemar test statistic follows a chi-
square distribution with 1 degree of freedom: 

𝜒𝜒2 =
(∣ 𝑛𝑛10 − 𝑛𝑛01 ∣ −1)2

𝑛𝑛10 + 𝑛𝑛01
(19) 

The subtraction of 1 is the continuity correction term. The calculated 𝜒𝜒2 value is compared with 
the critical value. If 𝜒𝜒2 > 3.841 (corresponding to a significance level 𝛼𝛼 = 0.05), the null hypothesis 
(that there is no difference in the performance of the two models) is rejected, indicating that there is a 
significant difference in the error distribution of the two models. The paired t-test is used to compare 
the mean differences in performance indicators (such as accuracy) of the two models on each fold of 
𝑘𝑘-fold cross-validation. Let 𝑑𝑑𝑗𝑗 = ACC𝑗𝑗

(𝐴𝐴) − ACC𝑗𝑗
(𝐵𝐵) be the difference in accuracy between model 𝐴𝐴 

and model 𝐵𝐵 on the 𝑗𝑗-th fold, with a total of 𝑘𝑘 such differences. The statistic for the paired t-test is: 

𝑡𝑡 =
𝑑̄𝑑

𝑠𝑠𝑑𝑑/√𝑘𝑘
(20) 

Here, 𝑑̄𝑑 = 1
𝑘𝑘
� 𝑑𝑑𝑗𝑗

𝑘𝑘

𝑗𝑗=1
  represents the mean of the differences, and 𝑠𝑠𝑑𝑑 = � 1

𝑘𝑘−1
� (𝑘𝑘

𝑗𝑗=1 𝑑𝑑𝑗𝑗 − 𝑑̄𝑑)2 

represents the sample standard deviation of the differences. This statistic follows a t-distribution with 
degrees of freedom of 𝑘𝑘 − 1. In this paper, 𝑘𝑘 = 5 and the degrees of freedom is 4. At a significance 
level of 𝛼𝛼 = 0.05, the critical value for the two-sided test is 𝑡𝑡0.025,4 = 2.776. If the calculated ∣ 𝑡𝑡 ∣>
2.776 , it is considered that the performance difference between the two models is statistically 
significant. McNemar's test focuses on the consistency of errors at the sample level, while paired t-test 
focuses on the difference in mean values at the paired level. The combination of the two can verify the 
effectiveness of the improved model from different granularities. The overall design of the training and 
validation strategies ensures the reliability, reproducibility, and statistical rigor of the experimental 
results. 

5. EXPERIMENTAL RESULTS AND ANALYSIS 
This Section conducts a comprehensive experimental evaluation of the proposed multimodal 

feature extraction method and the improved machine learning algorithm. The experiments are 
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conducted under a unified hardware environment (Intel Core i9-13900K CPU, 64GB RAM, NVIDIA 
RTX 4080 GPU), and all results are the means of 5-fold stratified cross-validation. Firstly, the 
classification performance of different feature combinations is compared. Then, the advantages of the 
improved algorithm over the baseline model are evaluated. Next, ablation experiments are conducted 
to verify the contribution of each module. Finally, the robustness of the model under noisy and missing 
feature conditions is tested. 

5.1 Performance comparison of different feature combinations 

To verify the effectiveness of the proposed multimodal feature extraction method in this paper, four 
feature combinations were designed for comparison: a single enhanced HOG feature (denoted as F1), a 
single LBP-variant encoding feature (F2), a single GCN topological feature (F3), a simple 
concatenation of the three features (F4), and the PCA-kernelized joint dimensionality reduction fusion 
feature (F5). All comparisons used the same weighted ELM classifier (with hidden layer node number 
L = 200) to ensure the fairness of the feature performance comparison. The classification performance 
was measured using the macro average F1-score (Macro F1) and overall accuracy (Accuracy) as the 
main indicators, which are defined as: 

Accuracy =
1
𝑁𝑁test

� 1[
𝑁𝑁test

𝑖𝑖=1

𝑦𝑦�𝑖𝑖 = 𝑦𝑦𝑖𝑖] (21) 

Here, 𝑁𝑁test represents the total number of samples in the test set, 𝑦𝑦�𝑖𝑖 is the predicted category by 
the model, 𝑦𝑦𝑖𝑖 is the actual category, and 1[⋅] is the indicator function. The performance comparison 
of the five feature combinations on the test set is shown in Figure 1. 

 

Figure 1. Comparison of classification performance for different feature combinations 

Among the single features, the enhanced HOG feature (F1) performed the best, with a Macro F1 
of 74.2%, indicating that the structural contour information contributes the most to style classification. 
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The LBP-variant encoded feature (F2) came second, with a Macro F1 of 71.5%, suggesting that the 
local texture patterns play an important role in distinguishing decorative styles (such as Baroque and 
Rococo). The GCN topological feature (F3) performed relatively weakly when used alone (Macro F1 
= 68.3%), because the global topological relationship is difficult to independently support fine style 
discrimination when lacking local details. The simple concatenation feature (F4) showed a significant 
improvement compared to the single feature, with a Macro F1 of 82.6%, verifying the complementarity 
of multi-modal features. However, the dimension of F4 is high (D = 1247), and there is redundant 
information. The proposed PCA-kernelized combined dimensionality reduction fusion feature (F5) 
achieved the best performance among all combinations, with a Macro F1 of 88.7% and an accuracy of 
89.2%, which is approximately 6 percentage points higher than simple concatenation, proving that the 
proposed combined dimensionality reduction strategy can effectively remove redundancy and enhance 
non-linear separability. 

To further quantify the significance of the differences between different feature combinations, the 
performance improvement rate of F5 relative to F4 was calculated: 

Improvement Rate =
Macro F1F5 − Macro F1F4

Macro F1F4
× 100% =

88.7 − 82.6
82.6

× 100% ≈ 7.38% (22) 

The above data indicates that the proposed multi-modal feature fusion method has significant 
performance advantages. 

5.2 Comparison of improved algorithm with baseline model 

This section conducts a comprehensive comparison of the improved machine learning algorithm 
proposed in this paper with three baseline models: Support Vector Machine (SVM, RBF kernel, C = 
1.0), Random Forest (RF, number of trees T = 200, no limit on maximum depth), and Standard Extreme 
Learning Machine (ELM, hidden layer nodes L = 200). All models use the same fused feature (F5) as 
the input to ensure the fairness of the comparison. The evaluation metrics include accuracy, training 
time, and generalization error. The generalization error is defined as the difference in performance 
between the training set and the test set of the model, specifically using the absolute value of the 
difference between the test accuracy and the training accuracy: 

𝜖𝜖gen =∣ ACCtrain − ACCtest ∣ (23) 

A smaller 𝜖𝜖gen indicates that the model has better generalization ability and has not suffered from 
severe overfitting. The average performance of the four models in 5-fold cross-validation is shown in 
Table 1. 

Table 1. Comparison of performance between improved algorithm and baseline model 

Model Accuracy rate (%) Training time (seconds) Generalization error 𝜖𝜖gen (%) 

SVM (RBF) 81.3 ± 1.2 47.6 ± 3.2 3.4 ± 0.5 

Random Forest 83.7 ± 1.0 12.3 ± 0.8 2.1 ± 0.3 

Standard ELM 86.2 ± 0.9 0.18 ± 0.02 5.8 ± 0.6 

Proposed 91.5 ± 0.7 0.31 ± 0.03 1.2 ± 0.2 
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As shown in Table 1, the proposed algorithm achieves an accuracy of 91.5%, significantly higher 
than SVM (81.3%), Random Forest (83.7%), and Standard ELM (86.2%). The improvement ratio 
relative to Standard ELM is as follows: 

ΔACC = 91.5% − 86.2% = 5.3% (24) 

In terms of training time, Standard ELM has the fastest speed because it directly calculates the 
generalized inverse (0.18 seconds). The improved algorithm in this paper, due to the introduction of 
adaptive weight calculation and iterative optimization of the interval maximization regularization term, 
slightly increases the training time to 0.31 seconds, but it is still much lower than SVM (47.6 seconds) 
and Random Forest (12.3 seconds), and fully meets the practical requirements of engineering efficiency 
for the EI conference. The most crucial point is the generalization error indicator: Although Standard 
ELM has a fast training speed, its generalization error is as high as 5.8%, showing a significant tendency 
of overfitting; while the improved algorithm in this paper has a generalization error of only 1.2%, which 
is the smallest among all the compared models, thanks to the joint effect of the adaptive margin 
adjustment mechanism and the interval maximization regularization term. Figure 2 intuitively shows 
the distribution of the accuracy rates of each fold in the 5-fold cross-validation for the four types of 
models. 

 

Figure 2. Distribution of accuracy rates of each model in 5-fold cross-validation 

The box plot in Figure 2 shows that the box height of the accuracy rate of the improved algorithm 
in this paper is the narrowest, indicating that its performance fluctuation on the 5-fold test is the smallest, 
and its stability is superior to other comparison models. 

5.3 Ablation experiment 

To quantitatively evaluate the individual contributions of each component in the algorithm 
proposed in this paper, two sets of ablation experiments were designed: feature branch ablation and 
algorithm module ablation. The feature branch ablation experiment was conducted based on the multi-
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branch parallel input architecture (Section 3.3) proposed in this paper, and one feature branch was 
removed successively to observe the performance changes. The specific settings included: removing 
the structural contour branch (only retaining texture and topology), removing the texture branch (only 
retaining contour and topology), removing the topology branch (only retaining contour and texture), 
and removing both branches (only retaining the single optimal branch). All configurations used the 
same decision layer weighted voting mechanism. The algorithm module ablation experiment fixedly 
used the full feature three-branch input and successively removed the core improvement modules of 
this paper: removing adaptive margin adjustment (using equal-weight ELM), removing architectural 
innovation (using single-branch feature concatenation instead of three-branch voting), removing the 
interval maximization regularization term ( 𝜆𝜆2 = 0 ), and the complete algorithm. The ablation 
experiment results are shown in Tables 2 and 3. 

Table 2. Results of feature branch ablation experiments 

Retained feature branches Macro F1 (%) Accuracy rate (%) Relative complete model reduction value 

Only outline + texture 84.2 84.7 -4.5 

Only outline + topology 82.9 83.3 -5.8 

Only texture + topology 79.6 80.1 -9.1 

Only outline 74.2 73.8 -14.5 

Complete three branches 88.7 89.2 — 

As shown in Table 2, removing any of the feature branches leads to a decrease in performance. 
Among them, when both the contour and texture branches are retained, the performance is relatively 
better (Macro F1 = 84.2%), while when only the texture and topology branches are retained, the 
performance drops the most significantly (Macro F1 = 79.6%). This once again verifies the dominant 
role of structural contour features in style classification. Compared with the single contour branch 
model, the complete three-branch model has an increase of 14.5 percentage points in Macro F1, fully 
demonstrating the necessity of multimodal feature fusion. 

Table 3. Results of algorithm module abandonment experiment 

Configuration Accuracy rate (%) Generalization error 𝜖𝜖gen (%) Training time (seconds) 

Remove adaptive margin adjustment 87.3 3.8 0.21 

Remove architectural innovation (single branch) 86.8 2.5 0.22 

Remove the interval maximization regularization 
term (𝜆𝜆2 = 0) 88.6 2.1 0.27 

Complete algorithm 91.5 1.2 0.31 

The algorithm module ablation results in Table 3 show that each of the three improved modules 
has a positive contribution to the overall performance. Among them, removing the adaptive margin 
adjustment led to the greatest decrease in accuracy (from 91.5% to 87.3%, a decrease of 4.2 percentage 
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points), while the generalization error increased from 1.2% to 3.8%, indicating that the weighted 
processing of boundary samples by this module is the key to suppressing overfitting. Removing the 
architectural innovation (reducing to a single-branch feature concatenation) caused the accuracy to drop 
to 86.8%, verifying the effectiveness of the multi-branch parallel input and decision layer weighted 
voting mechanism. After removing the maximum margin regularization term, the accuracy dropped to 
88.6% and the generalization error increased to 2.1%, indicating that this regularization term indeed 
enhanced the discriminative ability by widening the margins between categories. The combined use of 
the three modules brought synergistic benefits, and the accuracy of the complete algorithm was higher 
than the configuration after removing any single module. 

5.4 Robustness Test 

To evaluate the robustness of the model in real engineering applications, two types of perturbation 
experiments were designed: noise injection and missing feature. In the noise injection experiment, 
Gaussian noise 𝜉𝜉 ∼ 𝒩𝒩(0,𝜎𝜎2𝐼𝐼) was added to the input feature vector 𝑥𝑥, where 𝜎𝜎 is the noise standard 
deviation and 𝐼𝐼 is the identity matrix. The signal-to-noise ratio (SNR) is defined as: 

SNR = 10 log  10 �
∥ 𝑥𝑥 ∥22

∥ 𝜉𝜉 ∥22
� (dB) (25) 

Four noise levels were set in the experiment: SNR = 30 dB (mild noise), 20 dB (moderate noise), 
10 dB (severe noise), and 5 dB (extreme noise). In the missing feature experiment, a certain part of the 
input feature vector was randomly set to zero to simulate sensor failure or feature extraction failure, and 
three missing proportions were set: 10%, 20%, and 30%. The missing positions were randomly 
generated in each cross-validation to ensure statistical reliability. The robustness test results are shown 
in Table 4. 

Table 4. Results of robustness test 

Noise level (SNR) Proposed Standard ELM Random Forest 

No noise 91.5 86.2 83.7 

30 dB 90.8 85.1 82.9 

20 dB 88.3 81.5 79.4 

10 dB 82.1 72.3 68.7 

5 dB 74.6 60.8 56.2 

From the noise experiment section of Table 4, it can be seen that as the noise intensity increases 
(SNR decreasing from 30 dB to 5 dB), the accuracy of all models shows a downward trend. The 
algorithm in this paper still maintains an accuracy rate of 82.1% at SNR = 10 dB, while the standard 
ELM and random forest drop to 72.3% and 68.7% respectively. Under extremely heavy noise (SNR = 
5 dB) conditions, the accuracy of this algorithm is 74.6%, which is 13.8 percentage points higher than 
that of the standard ELM (60.8%). The noise robustness coefficient is defined as: 

𝜌𝜌noise =
ACCSNR=5dB

ACCno noise
× 100% (26) 
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The 𝜌𝜌noise = 74.6/91.5 × 100% ≈ 81.5% , while the standard ELM is only 60.8/86.2 ×
100% ≈ 70.5%. This indicates that the algorithm in this paper has stronger tolerance to noise. This is 
mainly attributed to the adaptive margin adjustment mechanism that gives higher weight to boundary 
samples during training, enabling the model to have better robustness to feature perturbations. As shown 
in Table 5, under different missing proportions, the accuracy of this algorithm is significantly better 
than that of the standard ELM and random forest, and as the missing proportion increases, the 
performance of this algorithm decays most slowly, demonstrating stronger tolerance to missing values. 

Table 5. Comparison of accuracy rates of three algorithms under different missing ratio 
conditions 

Proportion of absence The algorithm of this article Standard ELM Random Forest 

0% 91.5 86.2 83.7 

10% 89.2 82.4 79.8 

20% 85.7 76.1 72.5 

30% 79.4 67.3 63.1 

From the missing feature experiment section, it can be seen that when 30% of the features are 
missing, the accuracy of the algorithm in this paper is 79.4%, a decrease of 12.1 percentage points; 
while the standard ELM decreases by 18.9 percentage points, and the random forest decreases by 20.6 
percentage points. Define the missing tolerance index: 

𝜏𝜏missing = ACC30% missing − ACCothers (27) 

The absolute performance of the algorithm in this paper under 30% missing (79.4%) is still higher 
than the performance of the standard ELM under 20% missing (76.1%), indicating that the algorithm 
in this paper has a better redundancy tolerance for feature missing. This is due to the multi-branch 
parallel architecture - even if some feature branches are severely disturbed, other branches can still 
provide effective information through the weighted voting mechanism of the decision layer. In summary, 
the experiments in this Section comprehensively verify the effectiveness and engineering applicability 
of the proposed multimodal feature extraction and improved classification algorithm through feature 
comparison, model comparison, ablation analysis, and robustness testing. 

6. CONCLUSION AND FUTURE WORK 
This paper addresses the issue of automatic extraction and classification of design scheme style 

characteristics, proposing a systematic method that integrates multimodal feature extraction and an 
improved integrated classification architecture. At the feature extraction level, it breaks through the 
limitations of traditional manual design features, constructing a multimodal feature space from three 
dimensions: structural contour, local texture, and global topological relationship. Specifically, the 
enhanced HOG features with adaptive weighting based on gradient amplitude have strengthened the 
discriminative information of contour edges, the LBP-variant operator has been designed to effectively 
capture the periodic repetitive texture patterns in the style, and the graph convolution network has been 
introduced to embed the global topological relationships between design elements. On this basis, the 
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PCA-kernelized joint dimension reduction strategy is adopted to remove feature redundancy while 
retaining the nonlinear discriminant structure, providing information-complete and dimensionally-
controllable feature inputs for the subsequent classification. At the classification algorithm level, in 
response to the problems of low processing efficiency, poor boundary sample sensitivity, and 
insufficient category intervals in existing baseline models on multimodal fusion features, this paper 
proposes an adaptive margin adjustment weighted extreme learning machine as the core classifier, 
designs an innovative architecture with parallel input of multiple branches and weighted voting at the 
decision layer, and reconstructs the loss function by introducing a regularization term based on the 
maximum style interval. Experimental results show that the proposed fused features achieve a Macro 
F1 score of 88.7%, an improvement of approximately 7.4 percentage points compared to simple feature 
concatenation; the complete improved algorithm achieves an accuracy of 91.5%, an increase of 5.3 
percentage points compared to standard ELM, and significantly reduces the generalization error from 
5.8% to 1.2%. Abandonment experiments verify the effectiveness of the three core improvement 
modules and their synergistic gain, and robustness tests further prove that the algorithm can maintain 
high classification performance under noise interference and feature loss conditions. From an 
engineering application value perspective, this method is oriented towards the practicality and 
reproducibility requirements of the EI conference, and the overall process has clear modular 
characteristics. The multimodal feature extraction process does not rely on large-scale pre-trained 
models, and the computational cost is controllable; the training time of the weighted extreme learning 
machine is only 0.31 seconds, much lower than support vector machines and random forests, meeting 
the requirements of rapid iteration in engineering scenarios. At the same time, the introduction of 
hierarchical k-fold cross-validation and statistical significance tests ensures the reliability and 
reproducibility of the experimental results. This method can be extended to practical application 
scenarios such as architectural design scheme style retrieval, automatic annotation of interior decoration 
styles, and classification of industrial product shapes, providing technical support for the efficient 
organization and intelligent management of design resources. 

In future work, several directions are worthy of further exploration for this method. First, the 
hyperparameters such as the gradient enhancement factor and LBP variation vector in the current feature 
extraction process are mainly set based on experience. In the future, a meta-learning or adaptive 
parameter prediction mechanism can be introduced to enable the feature extraction process to 
dynamically adjust according to the statistical characteristics of the input design scheme, further 
improving the model's adaptability to different style domains. Second, although this paper has 
compressed the feature dimensions to some extent through PCA-kernelized joint dimension reduction, 
the extraction of the three modal features is still relatively independent. In the future, an end-to-end 
lightweight neural network architecture can be designed to unify the learning of multimodal features 
and the training of the classifier within the same optimization framework, and explore model pruning 
and quantization techniques to reduce the storage and computational costs during deployment, 
facilitating real-time operation on mobile devices or embedded systems. Third, the current research 
focuses on the classification task of eight typical design styles. In the future, it can be expanded to fine-
grained style subclass recognition and feature invariance learning in cross-domain style transfer 
scenarios, further expanding the generalization boundary of the method. 
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